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Pesticide transport models commonly assume first-order pesticide degradation kinetics for describing
reactive transport in soil. This assumption was assessed in mini-column studies with associated batch
degradation tests. Soil mini-columns were irrigated with atrazine in two intermittent steps of about 30
days separated by 161 days application of artificial rain water. Atrazine concentration in the effluent
peaked to that of the influent concentration after initial break-through but sharply decreased while
influx was sustained, suggesting a degradation lag phase. The same pattern was displayed in the second
step but peak height and percentage of atrazine recovered in the effluent were lower. A Monod model
with biomass decay was successfully calibrated to this data. The model was successfully evaluated
against batch degradation data and mini-column experiments at lower flow rate. The study suggested
that first-order degradation models may underestimate risk of pesticide leaching if the pesticide
degradation potential needs amplification during degradation.
 2010 Elsevier Ltd. All rights reserved.1. Introduction
Biodegradation and sorption kinetics are crucial processes that
control the transport of pesticides through the unsaturated zone of
soils.
Sorption of most pesticides in soil is mainly related to soil
organic matter (SOM) content (Spark and Swift, 2002; Coquet and
Barriuso, 2002). The SOM decreases with depth in a soil profile
(Jobbagy and Jackson, 2000). Therefore, in deeper soil layers,
kinetics of pesticide degradation might be the most important
factor which governs pesticide leaching towards groundwater.
Pesticide mineralization or degradation kinetics in soils at larger
scale is commonly described in pesticide transport models with
a first-order approach (e.g. HYDRUS model: Simunek et al., 2005;
PESTRASmodel: Tiktak et al., 1994; Dubus et al., 2004). A first-order
approach is however in contrast with laboratory mineralization
experiments where a lag period is often observed (Alexander, 1999;
De Wilde et al., 2009; Sniegowski et al., 2009). One of the expla-
nations for this lag period as proposed by Alexander (1999), is the
proliferation of small microbial populations able to degrade the
pesticide by using it as a carbon, energy and/or nutrient source.: þ32 16 32 19 97.
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.2009.12.041Alexander (1999) describes different batch studies where the lag
period of pesticide mineralization decreases after intermittent
pesticide additions to the soils. The greater degradation rate after
subsequent additions was supposed to result from increases in the
degrading biomass following repeated treatment with the pesti-
cide. The same accounts for a soil profile, where larger lag periods
are observed in deeper soil layers, less exposed to pesticides
(Vanderheyden et al., 1997; Bending and Rodriguez-Cruz, 2007).
Therefore, as suggested by Fomsgaard (1997), models taking
microbiological growth into account might be recommended to
predict the fate of low pesticide concentrations in subsoils.
The relationship between microbial growth and substrate
concentration has been successfully described using Monod
kinetics (Monod, 1949) in aqueous (Simkins and Alexander, 1984;
Jones and Alexander, 1986) and soil systems (Shelton and Doherty,
1997). Simkins and Alexander (1984) propose 6 different models,
depending on the initial substrate concentration and initial cell
density. One of the models, a logistic simplification, can be used
when the substrate is initially present in much lower concentra-
tions than the saturated pesticide concentration for the degrading
population. Using this type of kinetics, Sniegowski et al. (2009)
predicted the mineralization capacity of a biofilter for the herbicide
linuron, during and after the addition of linuron to the biofilter.
The growth-linked biodegradation kinetics, well described for
batch degradation studies, are not commonly used in pesticider than a first-order degradation model explains atrazine fate in soil...,
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kineticswas implemented in theHYDRUS-1Dmodel (Simunek et al.,
2005). This model has been validated to describe metalaxyl and
linuron transport in column displacement experiments in artificial
substrates (DeWilde et al., 2009). The validity of this model has not
yet been tested for displacement experiments in soil profiles. In
addition, it is not yet tested for such displacement experiments how
intermittent periods of non-pesticide applications affect lag times of
degradation. The latter is a scenario relevant at field scale,where the
presence or absence of the pesticide can cause respectively growth
or decay of the pesticide degrading biomass.
The objectives of this study were to verify degradation kinetics
with dedicated batch and mini-column studies and to model them
with a reaction transport model (described by De Wilde et al.
(2009)). Therefore a mini-column experiment was setup and 2
step-additions of atrazine (AT) were applied with an interval of 161
days. In this way the growth and decay rate of the AT degrading
population could be estimated in presence and absence of AT. To
parameterise the model, an inverse modelling framework
combining a sensitivity analysis (Morris Sensitivity Analysis) with
an inverse modelling approach (Shuffled Complex Evolution
Metropolis) (Vrugt et al., 2003) was adopted. To evaluate the model
the kinetics of AT degradation in the subsoil was determined in soil
suspension batch tests setup before and at the end of the mini-
column experiment and in a mini-column experiment operated at
a lower flow rate. In all experiments subsoil samples are used to
emphasize the importance of degradation kinetics during pesticide
transport when sorption is low.
2. Materials en methods
2.1. Soil mini-column setup
The soil mini-column setup consisted of 4 mini-columns A, B, C and D (length
6.5 cm, internal diameter 3 cm), each containing 80 g soil, sieved at 2 mm, with
a bulk density of 1.5 g cm–3. The soil was a subsoil collected at 30–45 cm depth in an
agricultural field (Beverst, Belgium) which had been annually treated by AT since
1973. The soil was sieved field moist and was stored at 4 C pending the experi-
ments. Characteristics of the soil were: pH 6.5, 0.44% carbon and 0.05% N. The
texture of the soil consisted of 33.4% sand, 12.7% clay and 51.2% silt.
In the mini-columns, glass filter plates (ROBU P5, pore size 1.0–1.6 mm) were
placed below the soil and a pressure head of 100 cm was applied using a vacuum
pump. Influent consisting of a salt solution with (AT solution) or without AT was
added with a rate of 21.4 mm day–1 for mini-columns A and B and of 8.3 mm day–1
for mini-columns C and D using a peristaltic pump (205 a, Watson–Marlow, UK). The
salt solution was composed to simulate the soil solution and contained (per liter):
214.4 mg NaHCO3, 83.0 mg NaNO3, 31.2 mg MgSO4.7H2O, 46.4 mg MgCl2.6H2O,
245.2 mg CaCl2.2H2O and 6.1 mg KCl. A stock solution of AT (Sigma–Aldrich,
Belgium) was prepared in acetone (10 g L–1). The AT stock solutionwas evaporated to
dissolve the herbicide in the salt solution to a final concentration of 12 mg L–1(step
1) and 15 mg L–1 (step 2).
Before applying the AT solution the mini-columns were leached at 20

C with at
least 7 pore volumes of salt solutionwithout AT, until equilibriumwas reached of the
ionic concentration in the effluent. The AT solution was then added during 31 days
(step 1). After this period the mini-columns were irrigated for 161 days with the salt
solutionwithout AT, to simulate a period without AT. The second step input of the AT
solution was applied during 28 days. The leachates were collected in 250 mL glass
bottles which were periodically analysed for AT concentration.
A bromide break-through curve (BTC) was obtained to estimate soil hydraulic
parameters. The non-reactive tracer was added as a solution of 1 mM KBr in the salt
solution before the AT application, during the leaching period. The KBr solution was
added as a pulse during 0.3 days in mini-columns A and B operated at the high flow
rate and during 0.69 days in mini-columns C and D operated at the low flow rate.
2.2. Batch degradation experiments
The kinetics of AT degradation in the soil in batch systems were determined
before and after the mini-column experiment. Batch experiments were prepared in
erlenmeyers contained 2 g of soil in 25 mL of the AT salt solution (13 mg AT L–1) and
were carried out in triplicate. The suspensions were placed on a horizontal shaker
(125 rpm) and incubated at 20 C (1 C). The ATconcentrationwas measured in the
solution at different time intervals. The soil samples tested were (i) soil from the
field, as used in the mini-column experiment but stored at 4 C for 200 days and (ii)Please cite this article in press as: Cheyns, K., et al., Monod kinetics rathe
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soil mini-columns A and B, immediately treated after ending the mini-column
experiment at day 220. All soil samples from the mini-column experiment were
mixed thoroughly before analysis.
2.3. Analytical methods
Concentrations of AT were measured by reverse-phase HPLC. The LaChrom
HPLC-UV–VIS system (Merck, Hitachi) was equipped with a LiChroCART 4-4 Pur-
ospher STAR RP-18 endcapped guardcolumn and a LiChroCART 125-4 Purospher
STAR RP-18 endcapped column (125 mm in length; 4 mm in diameter) packed with
silica beads (particle size 5 mm) as stationary phase. Themobile phasewas composed
of acetonitrile and mQ water (70/30). The flow rate was 1 mL min–1 and the UV
detector was set to 220 nm. The chromatogram peaks of the analysed compounds
were identified and quantified by comparison with external standards of AT. The
limit of quantification was 1 mg L–1.
Bromide concentrations were analysed in the effluent solutions using ion
chromatography (DIONEX-ICS-2000, equipped with an AS15 2 mm column, KOH
was used as eluent). Bromide detection was performed by conductivity with
a detection limit of 0.001 mM.
2.4. Degradation and reactive transport model development
Zero- and first-order pesticide degradation models, which do not describe lag
periods, could not be used to describe pesticide degradation kinetics in the batch
experiments and during transport through the mini-columns. Therefore, a logistic
model based on the Monod kinetics was applied. Microbial growth and pesticide
degradation can be described simultaneously by equations (1) and (2).
dX
dt
¼

mm*
Cl
Ks þ Cl

X  kdecayX (1)
dC
dt
¼ 1
Y

mm*
Cl
Ks þ Cl

X (2)
in which X is the total AT degrading biomass (ADB) concentration in soil, expressed
in AT concentration units on a whole soil volume basis [mg L–1tot], Cl is the AT
concentrations in the liquid phase [mg L–1liq], C is the AT concentration in the total
soil [mg L–1tot], mm is the ADB growth rate [day
–1], Ks is the half-saturation constant
[mg L–1liq], kdecay is the ADB decay rate [day
–1] and Y [-] is the yield, i.e., the biomass
formed per mass of pesticide degraded. Total soil AT degradation rate is related to
the AT concentration in solution that, in turn, is directly related to solid phase AT
concentration. Mathematically, this cannot be distinguished from an assumption
that the degradation rate is related to solid phase concentration unless the
parameter Ks is not fitted (as here) but derived from independent liquid batch
studies.
Assuming AT concentrations that are low compared to the half-saturation
constant Ks, this model is simplified to:
dX
dt
¼ mm;modClX  kdecayX (3)
dC
dt
¼ 1
Y

mm;modCl

X (4)
where mm, mod ¼ mm/Ks [Lliq mg–1 day–1] is referred to as the modified ADB growth
rate. The information about Ks values of pesticide degradation in soils is scarce and
variable for different substrates and degrading populations (ranging from 0.0006 to
1314 mg L–1, (Alexander, 1999)). For AT mineralization Yassir et al. (1999) reported
values for Ks ranging from 0.26 to 8 mg AT kg
–1 soil. The mini-column studies per-
formed here used initial AT concentration in a similar range, i.e. up to 5.4 mg AT kg–1
soil. Moreover, as the shape of the batch degradation kinetics (see Results) did not
allow determination of the Ks parameter independent of the initial biomass, Cl was
neglected in comparison with Ks and the simplified equations (3 and 4) were used.
This simplified Monod model to describe degradation kinetics has been applied
previously (De Wilde et al., 2009; Sniegowski et al., 2009).
Both physical and chemical non-equilibrium was neglected and the classical
convection-dispersion equation (CDE) was used to model reactive transport based
on the leachate data. The CDE for one-dimensional flow of reactive solutes subject to
adsorption and degradation in a homogeneous soil is described by:
d
dt
ðqCl þ rbCsÞ ¼
d
dx

qD
dCl
dx
 JwCl

þ dC
dtdeg
(5)
where Cs is the ATconcentration of the adsorbed phase [mg kg
–1], D is the dispersion
coefficient [m2 day–1], q is the volumetric water content [Lliq L
–1
tot], Jw is the volu-
metric water flux density [m day–1], rb is the soil bulk density [kg L
–1
tot], x is distance
[cm], t is time [day] and dC/dtdeg is the change in total AT concentration due to
degradation.
Linear sorption is used in this study to describe solute adsorption:r than a first-order degradation model explains atrazine fate in soil...,
Table 1
Lower and upper parameter bounds for relevant kinetic parameter used to fit the
leachate data from the mini-columns.
Lower bound Upper bound
Kd (Lliq kg
–1) 0 2
mm, mod (Lliq mg
–1 day–1) exp(0.1) exp(4)
Xini (mg L
–1
Tot) exp(10.8) exp(0.2)
kdecay (day
–1) 0 0.5
Y () 0.2 0.7
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where Kd is the adsorption coefficient [Lliq kg
–1].
Equation (5) can be rewritten as
R
dCl
dt
¼ D d
2Cl
dx2
 n dCl
dx
þ dC
qdtdeg
(7)
where n¼ Jw/q is the averaged pore-water velocity [m day–1] and R is the retardation
factor given by
R ¼ 1þ rb
q
Kd (8)
Pesticide degradation can be described using the simplified Monod kinetics
equation (4). No microbial transport was assumed, i.e. the dynamics of biomass X is
only determined by equation (3).
Equations (3), (4) and (7) have been implemented in HYDRUS-1D (Simunek et al.,
2005) as previously used to predict metalaxyl and linuron leaching through a biofilter
column (De Wilde et al. (2009)). The parameters D, n and q (equation (7)) could be
estimated by fitting the CDE for non-reactive solutes to the observed Br– BTC. CXTFIT2
(Toride et al., 1995) uses the Levenberg–Marquardt algorithm to minimize the Root
Mean Square Error (RMSE) between observed and predicted values.
Liu and Zachara (2001) showed that the parameters estimated for the full
Monod model from batch experimental data can have large uncertainties due to
linear correlations between them. To avoid this uncertainty and as the parameter Xini
seems to have a low sensitivity, the value of this parameter was fixed at 10–8.8 mg
L–1Tot for the inverse modelling of the presented data. Also the value of Y was fixed
and not considered for inverse modelling. The value used was calculated from an AT
batch mineralization experiment involving the same soil in which 54% of the added
AT was mineralized (Cheyns et al. unpublished data). Since there was no AT nor
metabolites detected in the water extract of the soil after mineralization and sorp-
tionwas neglected, it is assumed that 46% was incorporated into the ADB (Y ¼ 0.46),
a simplification that was done before (Sniegowski et al., 2009) and is permitted due
to the low sensitivity of parameter Y.
This model requires the estimation of 3 parameters, i.e.: Kd, mm, mod and kdecay and
these parameters were calculated using the leachate data from the mini-columns
irrigated at high flow rate (A and B). The leaching data from the mini-columns
operated at lower flow rate (C and D) were used to evaluate the model.2.5. Sensitivity analysis: Morris’ One-At-a-Time design
A sensitivity analysis (SA) was conducted using the global SA One-At-a-Time
design (Morris, 1991) that covers the entire space over which the parameters vary0 1 2 3 4 5
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Fig. 1. Bromide break-through curves for the mini-column leaching experiments. Symbo
mini-columns and lines represent the simulated values of the bromide concentrations.
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Environ. Pollut. (2010), doi:10.1016/j.envpol.2009.12.041(Mertens et al., 2005). The mean and standard deviation of the distribution of
elementary effects for each parameter provides information about the influence of
that parameter on the output. The Morris method was implemented in MATLAB
(MathWorks, 2008) and a total of 1750model evaluations were performed. Since we
were interested in the parameter sensitivity over a large parameter range, large
parameter bounds were chosen (Table 1). Parameter values of mm, mod and Xl, ini, were
sampled between the log transformed parameter ranges.
2.6. Shuffled complex evolution metropolis (SCEM) algorithm
The Shuffled Complex Evolution Metropolis (SCEM) algorithm (Vrugt et al.,
2003) was used to infer the posterior distributions of the model parameters. The
SCEM algorithm aims at minimizing the objective function which is defined as the
root mean square error (RMSE) between observed and predicted values. For details
of the algorithm the reader is referred to Vrugt et al. (2003); Mertens et al. (2004)
and Feyen et al. (2007), only a brief description is given below.
The SCEM algorithm starts by generating an initial population of s parameter
sets sampled from the joint prior parameter distribution. The latter constrains the
parameter space and represents the belief about the parameters before any data are
collected. Independent uniform prior parameter distributions between realistic
lower and upper bounds are typically adopted for each parameter. In this study, the
lower and upper bounds presented in Table 1 are used as uniform prior distributions,
the number of complexeswas set equal to the number of model parameters included
in the optimization, the population size was set to 90, the maximum number of
model evaluations to 7000 whilst other algorithm parameters were left to their
default value. Once the posterior density has been computed for the s parameter
combinations of the initial sample, the population is partitioned into q complexes. In
each complex a parallel sequence is launched from the point with the highest
posterior density. New candidate points are generated employing a multivariate
normal distribution centered on the current draw of the sequence. The posterior
density of new candidate points are calculated and the points are added (by random
replacement) to the current sequence based on the Metropolis-annealing
(Metropolis et al., 1953) criterion. After a predefined number of iterations the
complexes are shuffled to share information gained independently in the parallel
sequences.
Vrugt et al. (2003) propose to use the Gelman and Rubin (1992) criteria (GR) for
the evaluation of the convergence of the sampler to the stationary posterior
distribution. In this study, this recommendation is followed and the distribution is
called stationary when GR & 1.2.
The optimization tool was implemented in Matlab (MathWorks, 2008) and
coupled with Hydrus-1D.
3. Results and discussion
3.1. Bromide break-through curve
The parameters D, n and qwere estimated from the fit of the CDE
equation (7) to the observed bromide BTCs (Fig. 1), using CXTFIT2
(Toride et al., 1995). The CDE model described the experimental
data well with R2 values varying between 0.92 and 0.99. The BTCs
did not showany significant asymmetry or long tailing that indicate
physical non-equilibrium. The differences in BTCs of the mini-6 7 8 9 10
(days)
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A simulated
B observed 
B simulated
C observed 
C simulated
D observed 
D simulated
ls represent measured values of the bromide concentration in the leachates of the
r than a first-order degradation model explains atrazine fate in soil...,
Table 2
Soil hydraulic parameters obtained from fitting the CDE to the observed bromide
BTCs.
Mini-column Volumetric water content q Dispersion length l (cm)
A 0.35 0.35
B 0.26 0.11
C 0.34 0.40
D 0.35 0.41
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Fig. 3. Absolute value of the mean and standard deviation of the elementary effect
distribution of each model parameter as calculated using the Morris Sensitivity
Analysis.
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The volumetric water content q and dispersion length l ¼ Dv (cm)
are shown in Table 2. These values were used as parameters for
describing AT transport in the mini-columns using HYDRUS1-D.
3.2. Transport of atrazine in the mini-column experiment
AT concentrations found in the collected leachates of mini-
columns A and B are shown in Fig. 2.
After a short retardation, AT peaked in the effluent at concen-
trations identical to the influent. This concentration (12 mg L–1,
2mg L–1) wasmaintained during 9 days. The observed variation is
probably due to measurements errors and some evaporation in
effluent bottles. Subsequently, the concentration of AT in the
effluent decreased, while AT supply was sustained. These results
reflect a lag phase for initiating degradation. This pattern can be
interpreted and modelled as an ADB initially present in the subsoil
at low cell numbers, that is growing on the expense of AT until the
ADB is sufficiently large to observe degradation of AT (Alexander,
1999).
When AT was added again in step 2 after a leaching period
without AT of 161 days, AT concentration increased in the effluent
samples but peak height concentration was maximally 82% of the
influent concentration. The shorter lag period during step 2 indi-
cates that the size of the ADB was larger at the beginning of step 2
compared to that at day 1.
3.3. Sensitivity analysis: Morris’ One-At-a-Time design
The absolute value of the mean and the standard deviation of
the elementary effect distribution of each parameter against the
RMSE of the observed AT concentration measured during the mini-
column A experiment is plotted in Fig. 3. Unlike most other SA, the
sensitivity of parameters in the Morris method cannot be quanti-
fied since it is not based on a statistic test that allows acceptance or
rejection on a 5% significance level. Therefore, only a qualitative0 50 100 150 200 2500
2
4
6
8
10
12
14
16
Time (days)
A
T 
co
nc
en
tra
tio
n 
(m
g L
−
1 ) A observedB observed
A simulated
B simulated
influent
Fig. 2. Measured (full symbols) and simulated (lines) AT concentration in the mini-
column leachates in function of the time for mini-columns A and B, irrigated at high
flow rate. The dotted line represents the atrazine concentration in the influent. Limit of
quantification was 1 mg L–1
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Environ. Pollut. (2010), doi:10.1016/j.envpol.2009.12.041ranking of the importance of parameters with respect to overall
importance and interaction with other parameters or non-linear
effects can be performed. Fig. 3 shows that the sensitivity of the
transport model to the value of Y and Xini is very low within the
broad range of values used (Table 1) since it has a low overall effect
and a small interaction with other parameters (or non-linear effect
in parameter space). Fig. 3 also shows that Kd and mm, mod are the
most sensitive parameters for the model. Besides those parameters,
the model is also sensitive to the kdecay value.3.4. Shuffled Complex Evolution Metropolis (SCEM) algorithm
The fit of the HYDRUS-1D model with implemented simplified
Monod kinetics to the observed values of mini-columns A and B in
Fig. 2 is a result of a global optimization using the SCEM algorithm
between the parameter bounds shown in Table 1. The SCEM suc-
ceeded for both mini-column experiments in optimizing the
posterior parameter distribution of the 3 parameters and
converged after 5076 (mini-column A) and 1332 (mini-column B)
model evaluations, optimized parameters are given in Table 3. Fig. 2
illustrates that the model describes AT leaching well during both
step applications. No correlations were found between the
converged parameters (data not shown). Kd values differed
between the mini-columns but both values are extremely small as
expected at low organic matter content of the soil (0.4% C). The Kd
value was a very sensitive parameter for the position of the peak of
the AT break-through curve but less for the area of the peak, i.e. the
amount leached through the soil columns. As the latter was of main
interest for this study, the Kd value was fitted to obtain the best fit
for the retardation factor and not fixed to values determined from
batch experiments.
The posterior cumulative parameter distribution of the 3 opti-
mized parameters is shown in Fig. 4. The parameter ranges on the
x-axes in this figure correspond to the lower and upper boundsTable 3
Parameter sets for the mini-columns irrigated at high flow rate (A and B), corre-
sponding to the model fit with the lowest Root Mean Square Error.
Kd (L kg
–1) mm, mod (L mg
–1 day–1) kdecay (day
–1)
Mini-column A 0.206 87.50 0.041
Mini-column B 0.001 84.92 0.031
r than a first-order degradation model explains atrazine fate in soil...,
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distribution, corresponding to a narrow confidence interval, is
obtained for all 3 parameters, which confirms the high sensitivity of
the parameters as predicted with the Morris SA.
3.5. Model evaluation: batch degradation experiments
Themodel was evaluated by performing batch degradation tests
in soil from the mini-columns before and after the leaching
experiment. Fig. 5 shows the AT concentration as a function of time
for these experiments. Before AT application the lag period for AT
degradation in the soil was about 40 days. This lag period became
shorter in the soil sampled from the mini-columns after exposure
to AT. Furthermore, the lag period was longer with soil sampled
from the bottom of the mini-columns compared to that with soil
sampled from the top of the mini-columns.
The batch experiments were fitted with the model with fixed
parameters from the mini-column experiment except Xini. The
results of the fits using the SCEM algorithm are shown in Fig. 5 and
the parameters obtained from the fits are given in Table 4. To0 20 40 60
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Degradation in soil sampled from the mini-column leaching experiments in top and bottom
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column experiment, the Xini values are calculated as mg biomass
per g dry weight soil since the solid-liquid ratio differed between
the 2 experiments.
The values in Table 4 show that the biomass concentration in the
initial soil is larger when predicted from the mini-column experi-
ment than estimated from the batch degradation experiment,
however, both values illustrate a very small ADB. The column
degradation was only analysed after a leaching period at 20 C,
while batch degradation experiments were performed with fresh
soil samples from the fridge, this can somewhat influence the
biomass concentration. In any case, despite significant differences
in predicted biomass, the analysis confirms that the relative effects
of pre-exposure on the lag phase are similar in batch as in columns.
Initially there is a very small AT degrading population, this pop-
ulation is larger at the end of the experiment in both the top and
bottom layer of the soil mini-column. In addition, the obtained
value for ADB concentration is larger in the soil from the top layer
than in de soil from the bottom layer, as can be predicted using the
model (see below).observed a
observed b
observed c
simulated a
simulated b
simulated c
15
15
tom
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egradation experiments. Initial: Degradation in soil from the initial situation. A and B:
layers. Each degradation experiment was done in triplicate. Limit of quantification was
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Table 4
Biomass (X) concentration (mg g–1) predicted by the model calibration to the mini-
column data or observed in corresponding batch degradation experiments. Log(X)
values of9 correspond to a lag period of about 14 days, values of3 to about 4 days
and > – 1 to less than 1 day. The model calibration used constant yield and
degradation rate parameters for both setups. Values in brackets are standard devi-
ations for 2 mini-columns.
log(X) (mg g–1)
obtained from column data observed in batch degradation
Initial soil 9.0a 19.9
Top layer 0.8(0.2)b 1.7(0.1)
Bottom layer 3.7(0.1)b 3.8(1.5)
a Value was fixed initially
b Values predicted with the mini-column transport model for day 220.
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Fig. 7. Simulated atrazine degrading biomass concentration (mg L–1Tot, log trans-
formed) in the top (full line), middle (dashed line) and bottom (dotted line) of mini-
column A. Grey lines represent the simulated AT concentration in the influent (dotted
line) and effluent (full line) solutions.
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The effluent concentration for the mini-columns at low flow
were predicted using the mean parameters obtained from the
calibration of the model with the data from the mini-columns
operated at high flow rate (Table 3). AT concentration measure-
ments and predictions are shown in Fig. 6. It is clear that the pre-
dicted results approach the observed results, but a discrepancy
between the observed and predicted values is observed for AT
break-through during the second step application. However, the
concept as seen at high flow rate is confirmed when analysing and
modelling the columns at low flow rate. Less AT is leached during
the second step application due to a shorter lag time for degrada-
tion during the second step application. In addition, the model
predicts lower peak AT concentrations at lower flow rate, which
confirms the measurements. At the low flow rate, predicted AT
peak concentrations in the second step are only 60% of influent
concentrations whereas this was 82% at high flow rate. Corre-
sponding measured values were 23% of the influent concentration
(16%) at low flow rate and 73% (7%) at high flow rate.
3.7. Population dynamics
Using themodel the ADB size dynamics in the soil mini-columns
can be simulated. Fig. 7 shows this simulation of the ADB size
dynamics on top, in themiddle and at the bottom ofmini-column a.
The simulations for the other mini-column showed similar results.
Growth of the ADB is predicted to be largest in the top of the mini-
column, as that population is exposed to higher concentrations of
AT. The difference in leaching of AT, as a fraction of the total input,0 50 100 150 200 2500
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Fig. 6. Measured (full symbols) and predicted (lines) AT concentration in the mini-
column leachates for mini-columns C and D, irrigated at low flow rate. The dotted line
represents the AT concentration in the influent. The model was calibrated to data
obtained frommini-columns A and B, irrigated at high flow rate. Limit of quantification
was 1 mg L–1
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ADB at the beginning of each step AT application.
The observed results and model fits indicate that the incorpo-
ration of the Monod-linked degradation kinetics in pesticide trans-
port models is able to predict pesticide leaching. We have chosen to
workwith a subsoil andnot topsoil because the former received less,
and less frequently, pesticides than the latter, however, the subsoil
acts as amain biotic filter before the leachatesmove to groundwater
where degradation activity is limited. The proposed model obvi-
ously needsmore parameters than a first-ordermodel. TheKs values
can be determined by performing batch degradation experiments.
Xini can be measured by Real Time-quantitative PCR of genes
responsible for AT degradation. The yield can be determined more
precise by performing 14C mineralization experiments and
measuring the amount of 14C incorporated into the biomass. All
these methods are time and cost consuming and the parameters
obtained are vulnerable to external factors (climate, soil depth,.).
More research is needed to relate such parameters with soil-,
climatic and soil management parameters before the proposed
model can be used to predict leaching under field conditions.
It is clear that population dynamics are important to estimate
the degradation potential of a soil population. Moreover, when
SOM is low, degradation kinetics become of main importance to
predict the transport of pesticides in the unsaturated soil towards
groundwater. During the lag phase of growth of the pesticide
degrading bacteria, it is possible that not sufficient pesticide
degrading bacteria are present in the soil to perform significant
pesticide degradation. This situation results in a high leaching
potential of this pesticide. Sniegowski et al. (2009) showed that
pesticide transport models in biofilters not taking into account the
pesticide degrading biomass dynamics underestimated the risk of
break-through of the pesticides.
Fig. 7 indicates that the decay rate of the ADB is much slower
than the growth rate, this can explain the buildup of pesticide
degrading bacteria after different pesticide applications in the field.
In the field, pesticides are applied in high concentrations (e.g.
0.5 g L–1) as a short pulse and the flow rates can be tenfold below
the lowest flow imposed here. Our model predicts vanishingly low
peak AT concentrations at these concentrations and flow rates, at
10 cm depth in leachates, even when only a very small ADB is
initially present. However, in natural systems growth rate of the
biomass can be slower due to lower temperatures and at less
optimal conditions. In addition, the decay of the pesticide degrad-
ing biomass can be large when periods in between different
pesticide applications are long. It is clear that testing under field
relevant conditions is required to assess if first-order modelsr than a first-order degradation model explains atrazine fate in soil...,
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should use undisturbed soil columns with soil from a large part of
the soil profile. The AT application should reflect common agri-
cultural practice, i.e. a large concentration during a short pulse.
Columns should be incubated outside, subjected to natural climatic
conditions, and in the presence of crops.4. Conclusion
The transport break-through of pesticides in mini-columns and
the reduced lag phase after pre-exposure suggest that first-order
degradation models do not describe the fate of atrazine in soil.
Different mechanisms may explain the lag phase and effects of pre-
exposure conditions. This was successfully modelled as Monod
kinetics indicating growth of an atrazine degrading biomass when
atrazine is present. Comparisonwith parameters obtained by fitting
batch experiment results show the same trends as predicted from
the mini-column transport model, confirming the predictions for
the population dynamics.
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